This paper decomposes the gender gap in pay in the Russian Federation along the earnings distribution and over time (1996)(1997)(1998)(1999)(2000)(2001)(2002)(2003)(2004)(2005)(2006)(2007)(2008)(2009)(2010)(2011). We use the reweighted recentered influence function decomposition proposed by Firpo et al. (2007) that allows estimating the contribution of each covariate on the wage structure and composition effects across the earnings distribution. Using data from the seventh, eleventh and twentieth round of the Russian Longitudinal Monitoring Survey we found that women are in flat career path compared to men, the importance of characteristics in the gender pay gap decreases along the earnings distribution, and if women were paid for their schooling degrees as much as men the gender pay gap would disappear or even reverse at the top of the earnings distribution. The results suggest that women at the bottom of the earning distribution should be helped to increase their labor market skills and for women at the top of the distribution policies should be designed in order to help them access jobs that remunerate their skills as much as men.
Introduction
Women in Russia work. The gender gap in employment in Russia has been one of the smallest in the world, with less than 4 percentage points difference in labor force participation between men and women between the ages of 30 and 55. The low gender gap in employment is part of the legacy of the Soviet era where the equality motto was not only applying to class but to all groups of society including men and women. However, the gender gap in pay in Russia is one of largest among highincome countries. The gap is just above 30 percent and is the second to largest gender gap in pay in high-income countries, after South Korea ( Figure A1 ). For some authors, the high gender gap is also part of the legacy of the Soviet era, where the 'Equal Pay For Equal Work' legislation was interpreted in terms of productivity disfavoring women in occupations where men have a physical comparative advantage (Reza and Lau 1999) . This legislation as well as the multiple restrictions to female employment in certain occupations are key factors determining the high occupational segregation observed in Russia.
The low gender gap in employment and the high gender gap in pay can be argued to go together.
One of the facts is the negative correlation between the gender gap in pay and the gender gap in employment. The cross-country variation in the gender gap in pay has been attributed to the international differences in the wage dispersion Kahn 1996, 2003) and to non-random selection of women into the labor force (Olivetti and Petrongolo 2008) . Selection correction explains nearly half of the observed negative correlation between wage and employment gaps.
In this paper, we focus in understanding how the gender gap in pay varies along the earnings distribution (and over time). The case of the Russian Federation is of particular interest because of the peculiarities of their labor market and its evolution since the transition into a market economy.
During the last 20 years, the gender wage gap in Russia has remained fairly constant in spite of the huge changes in the economic structure-now an open economy-and the changes in the wage structure. With the exception of a spike in 2002 mainly due to the use of wage arrears that disproportionately affected women (Gerry, Kim and Li 2004; Oglobin 2005 ) and a drop in 2006, the hourly adjusted gender gap in pay has fluctuated around 28 percent with an average decline of less than 5 percentage points since 1994 (Figure 1 ). Second, during this period there has been a massive compression of the overall wage distribution in Russia, and for both men and women (Figure 2 and   table A1 ). This compression of the wage structure was accompanied by changes in returns to labor market skills, typically of countries that open to trade and grow fast.
We apply a new decomposition methodology that allows us computing the wage structure and the composition effects at different percentiles of the earnings distribution. The methodology developed by Firpo, Fortin and Lemieux (2007) and applied to understand the increase in wage inequality in the U.S. during the last decade, has not yet been applied to analyzing gender wage gaps to our knowledge, with the exception of Chi and Li (2008) for urban China. Firpo, Fortin and Lemieux decomposition methodology is builds on econometrics methods used in the program evaluation literature, and presents several advantages with respect to other decomposition methodologies as discussed in Fortin, Lemieux and Firpo (2011) . The methodology is based on the estimation of recentered influeced functions (RIF) as opposed to other estimates of the earnings equations. The most important advantage is that it can be used to compute several statistics (not only the mean) without losing the ability of identifying the contribution of each covariate to the wage structure and the composition effects. Previous methodologies designed to decomposed the gender wage gap at different percentiles such as Machado and Mata (2005) based on conditional quantile estimations could only disentangle the composition and the wage structure effect. Understanding the contribution of covariates is of particular importance, specially in the case of Russia, to analyze the links the between the gender gap in pay, the occupational segregation, the distribution of employment across economic sectors, and other factors. The RIF decomposition, however, is relies on two assumptions for identification: ignorability and common support. The first assumption simply states that unobservables are equality distributed in the two groups used for the decomposition, in this case men and women. Thus, with non-random selection of women into the labor force, this decomposition cannot be applied since it will violate the ignorability assumption. This assumption limits the applicability of the RIF decomposition to many countries and this is probably why there is only one other study applying this new methodology to gender wage gaps. However, given the high female labor participation in Russia, and as we test below, this is not a concern for our study. The second assumption requires that there is at least one observation for men and women for each combination of observable characteristics. In this way, a counterfactual can be computed for each observation in the sample.
Although we do not analyze selection issues, as the Russian Federation is not subject to this problem given the high levels of female labor force participation, this paper can also contribute to the understanding of gender wage gap across by describing the variation in of the gap across the earnings distribution and identifying the covariates associated to this gap. In this way, we can understand if there is either the presence of a 'sticky floor' or 'glass-ceiling' effect in Russia. We observe the largest gender wage gap appears at the median of the distribution, but at the same time and consistent with other high-income countries, the largest unexplained gap is found at the top of the distribution indicating there is a glass-ceiling effect in Russia.
Methodology
Decomposition methodologies have been applied to gender wage differentials since the seminal work of Oaxaca (1973) and Blinder (1973) . The Oaxaca-Blinder decomposition (OB hereafter) is one of the most used methods not only in labor economics but also in several microeconomics applications.
Since then, however, much progress has been made with decomposition methods. Mainly, new methodologies allow decomposing the gaps for other statistics different than the mean, to handle nonlinear functions, and to tackle possible bias coming out from having individuals without a suitable treatment or comparable groups (i.e. the problem of no overlapping support). In this paper we use the recentered influence function (RIF hereafter) decomposition, recently introduced by Firpo, Fortin and Lemieux (2007) . In adiditon, Fortin, Lemieux and Firpo (2011) provide a technical survey of the main decomposition methods available so far.
For easiness of the exposition, we first explain the OB decomposition and later we introduce the RIF, and its advantage relative to other methodologies. In a nutshell, decomposition methods aim at disentangling how much of the gender gap in pay is explained by differences in observable (and unobservable) characteristics of men and women and how much remains unexplained. The unexplained component captures differences in the returns to labor market skills and other factors usually pooled as gender discrimination.
The seminal work of OB is based on the Mincer earnings equation. Mincer earnings equation (Mincer 1957 , 1972 , Becker 1964 assumes that-under no labor market imperfections-wages represent productivity, and thus they can be explained by labor market skills such as schooling and experience. Men's and women's wages can then be represented as:
Men's and women's wages can then be represented as:
( 1) The OB decomposition uses the linear earnings equations for men and women and it compares the differences at the mean of earnings for men and women,
by adding and subtracting the term ̅̅̅̅ ̂ , and re-arranging terms we obtain
where ̅̅̅ is the mean earnings of gender G (men, women), is a vector of characteristics that influence labor market productivity (and thus earnings) such as education and experience, as well as additional controls such as area of residence, are the estimates of a linear regression. The first term is called the 'composition' effect or explained component and it captures the part of the gender gap in pay that is explained by differences in labor market skills between men and women. The second term is the so-called 'wage structure' effect or unexplained effect. This term captures both differences in returns to labor markets skills between men and women as well as pure unexplained differences associated with discrimination. 1
In this paper we apply the recentered influenced function (RIF) methodology to decompose the gender pay gap in the Russian Federation. This methodology can be combined with estimation techniques of the program evaluation literature to construct a counterfactual distribution using a non-parametric reweighting approach, as we do, doing this guarantees consistent estimates of the wage structure and composition effect when the conditional mean function is non-linear.
The reweighted RIF decomposition methodology offers several advantages allowing to go deeper than any previous work for the Russian Federation or even in the literature of gender pay in gap. It allows going beyond the mean and can be used to calculate other statistics, in particular, we are interested in the quantiles along the wage distribution, and still allowing inspecting the contribution of each covariate to the 'wage structure' and the 'composition' effects. Previous quantile decomposition methods could only disentangle the two main effects but without identifying the contribution of the covariates in both of them (Machado and Mata, 2005; DiNardo, Fortin and Lemieux 1996) . Moreover, the RIF methodology is not path dependent as the aforementioned quantile decompositions and other methodologies that also build on instruments coming from the program evaluation literature (Ñopo 2008) . Against these advantages, the RIF methodology imposes two additional assumptions in order to have identification. Firstly, the RIF decomposition assumes ignorability, implying that the unobservables are equally distributed in the two groups used for the decomposition. In the case of the gender gap in pay, ignorability means there is no random selection of women into the labor force. Secondly, the RIF decomposition assumes common support over the observables (and unobservables) variables implying that there are no combinations of individual characteristics for which it is possible to find males but not females and vice versa.
The RIF decomposition uses unconditional quantile regressions based on the Recentered Influence Function (RIF regressions hereafter). RIF regressions consists of running a regression of a transformation of the outcome variable (its RIF) on the explanatory variables allowing to evaluate the marginal impact of changes in the distribution of the explanatory variables on the quantiles of the marginal distribution of the dependent variable. This means that the estimated RIF coefficients can be interpreted as the effect of increasing the mean value of X on the unconditional quintile .
Interpretation that is misleading in the conditional quantile regressions since the law of iterated expectations does not apply in these cases. 
Where . is an indicator function, ( ) is the density of the marginal distribution of , and ( ) is the population -quantile of the unconditional distribution of Y.
Let ( ) be a quantile of the unconditional earnings distribution of men or women, . To decompose the difference in earnings between men and women for a certain quantile, ( ) ( ), into the a 'composition' and a 'wage structure' components, we need to produce a counterfactual distribution of earnings that represents what women could have earned had they received the same return to their labor market skills as men, ̃. Once the counterfactual distribution and the recentered influence functions are estimated, the rest of the steps are similar to the OB since RIF coefficients can be consistently estimated using a simple OLS to regress
where ( ) ( ̃) is the 'composition effect' and ( ̃) ( ) is the 'wage structure effect'. The counterfactual distribution ̃ can be obtained by reweighting to take into account the different distribution of characteristics of male and female workers in the population 2 . The contribution of combining a non-parametric reweighting approach with the RIF decomposition resides on using semi-parametric methods to estimate the counterfactual distribution ̃ which guarantees consistent estimates of the wage structure and composition effect when the conditional mean of earnings is not linear, as mentioned . Using RIF regressions as base of the decomposition means moving from conditional to unconditional estimates of the moments of . Replacing ( ), where ̃, with their recentered influence functions we see with more clarity the results that can be obtained once we apply the decomposition methodology that we use, 2 The reweighted factor is defined as (
) ( ). ( ) is the probability of being a female given X, and p is the proportion of females in the population. Hence, = which is the counterfactual distribrution of earnings.
where ̂ ( ) ̂ ( ) is the raw gender earnings gap at the quantile j, ̅̅̅̅ is the vector of mean covariates, ̂ ̃ is the vector of estimates coming from the counterfactual distribution that gives the male returns labor market skills for women in the labor market, ̅̅̅̅ ( ̂ ̃ ̂ ) ̂ is the 'wage structure' effect and ( ̅̅̅̅ ̂ ̅̅̅̅ ̂ ̃) ̂ is the estimate of the 'composition effect'. ̂ and ̂ are the reweighting and specification error that would not exist if the reweighting factor were consistently estimated and if the model was truly linear, respectively (Firpo et al., 2011) .
Data
The Russian In this paper, we do not exploit the longitudinal nature of the data. In order to maintain the representativeness of the national population and because of the high attrition, the sampling frame of the RLMS was revised in several years. As a result, of the 18,302 adults interviewed in 2011, only 1,788 were also interviewed in 1996. In addition, the attrition bias was tested by comparing the estimates coming from a Mincer earnings equation for 2011 using those in the sample that survived the attrition (i.e., were observed since 1996) with those in the full sample who could have been observed since 1996. Both Wald and likelihood ratio tests indicated the two samples were not
comparable. Thus, we analyze three years 1996, 2002 and 2011 as if they were three cross-sections.
The sample for the analysis includes all wage workers. Self-employed workers are excluded since the information on their wages might not be comparable. In addition, self-employed workers constitute a small percentage of the labor force in Russia: 86 percent of men and 88 percent of employed women were wage-workers in 2010 (Gamberoni and Posadas 2013) . The analysis is restricted to men and women between 18 and 60 years of age. We chose to use 60 as the upper cutoff for the working age population as it is the mandatory retirement age of men. Although women can retire at 55, many of them continue working after retirement. On average, women between 60 and 64 years of age worked 6 years after having retired while men worked only 4 (Gamberoni and Posadas 2013) . We repeated the analysis for the age range 18-55 and the main conclusions of the study were not altered.
In this section we describe the variables used for the decomposition of the gender gap in pay, and we restrict the summary statistics to the sample used for the regression estimates. We follow previous studies performing decomposition analysis Kahn 1997, 2007) and estimate an augmented
Mincer earnings model. The most conservative specification includes measures of experience and schooling, with controls for place of residence. Augmented models also include a set of dummies for occupation and industry, and in some cases union affiliation. An additional contribution of this study to the literature of the gender wage gaps is the use of additional variables that determine productivity and thus wages. The richness of the RLMS allow us to explore the effect additional firm characteristics such as type of ownership (public, foreign) or size of the firm, degree of responsibility approximated by the number of subordinates, quality of employer-employee match, and changes of occupational changes. However, this latter group of variables is only available for 2011. Table A .2 of the appendix shows the descriptive statistics for all the variables used in the decomposition analysis.
As it is usually the case in this literature, earnings are defined as log of hourly wages, to take into account differences in intensive margin. The difference in the intensive margin, though significant is smaller compared to other countries: women work on average 8 hours per day, what makes the fulltime workers, while men work on average 9 hours per day. Though this additional hour might not be significant in terms of daily productivity, but associated to a career path of more responsibility.
Gender differences in pay can be observed for most of the groups defined by the covariates, as indicated in table A3 of the appendix.
The raw gender wage gap varies considerable along the earnings distribution. As opposed to what it is observed for other high-income countries (Christofides, Polycarpou, and Vrachimis 2013) , the raw gap is larger in the center of the earnings distribution. The raw wage gap for men and women in the median is almost 35 percent while the raw wage gap at the 10 th and 90 th percentile is about 15 percent. In the next section, we analyze the possible factors determining the gender wage gap at each percentile applying the FFL decomposition methodology. 
Results
The gender gap in pay in the Russian Federation is one of the highest among high-income countries.
Previous studies have found that most of the gender gap in pay remains unexplained when applying OB decompositions. These studies, however, cannot explain
RIF-Regressions
Before showing the decomposition results, Figure 4 shows the estimates for each percentile and each covariate, giving a fuller visualization of the impacts of each covariate along the earnings distribution for men and women. Table 1 shows that the returns to labor market skills across the different quantiles are highly nonmonotonic and different for men and women. For both, men and women, the returns to labor Gender pay gap Percentile market experience are positive but decrease along the earnings distribution. In addition, the effect of experience on earnings is larger for men than for women, but not statistically different, along the earnings distribution. Experience also reduces the within-gender earnings inequality. More experienced workers earn more, and this effect is higher for workers at lower end of the wage distribution.
Schooling also shows non-monotonic effects across the earnings distribution, with very different impacts on men and women. As expected, the impact of schooling on wages is larger the higher the education level. Thus, for both men and women completing the university is associated with larger wages than completing technical certificates. Moreover, the effect of education is larger at the bottom of the earnings distribution than at the top for both men and women, but the impact of education at each quantile is larger for men than for women. For example, having completed secondary education increases male earnings in the 10 th quintile but not female earnings. The impact of a having a technical certificate is two times larger for men than for women in the bottom of the distribution. At the top of the distribution, having completed the university has no effect on women's earnings but increases men's earnings in about 30 percent with respect to their counterparts with less than secondary or vocational university.
These results indicate that although men and women are equally engaged in the labor market in Russia, the jobs they do are very different-and they are rewarded very differently too. Women are in flat career path compared to men. This is usually referred in the literature of gender wage gaps as women having jobs, not careers (Goldin 2006 , Bertrand 2011 . The two main labor market skillseducation and experience-show larger payoffs for men than for women, especially at the bottom of the earnings distribution. This can be corroborated when we look at the age-wage profiles for men and women in figure A2 .
To shed more light into the possible reasons contributing to women's flat earnings, we have estimated an augmented human capital model that includes occupation, industry and other covariates related to job productivity. By looking at the RIF estimates of the dummy variables for the occupations it can be conclude that professional women at the top of the earnings distributions have lower returns than men. Conversely, women at the median of the earnings distribution have higher returns than men in service jobs. All the results so far suggest that women-either by their own choice or by lack of access-occupy jobs that have lower returns to labor skills. Moreover, productivity (and so wages) can also depend on firm characteristics such as type of ownership or firm size. Ideally, firm effects are quantified using employer-employee data (Cardoso, Cabral and Portela 2005) . Fortunately, the richness of the RLMS allows exploring these effects by adding covariates to describe firm characteristics. There is evidence that public owned firms are less productive than private firms since they face less market competition. For women, and to a lesser extent for men, working for a public or semi-public firm has a negative impact on earnings, and the size of the impact is larger at the top of the earnings distribution. In particular, at the 90 th percentile women working for a public firm earn 34% less than women working for a private firm. Larger firms many times are also thought to have higher productivity since they make higher investments in capital. The effect of firm size is highly nonmonotonic along the earnings distribution for women while it shows very little variation for men. For women the impact of working in a large firm is always positive and it increases along the earnings distribution.
Finally, the RLMS allows exploring the importance of promotion and job-to-job transitions in earnings with a reduced form approach. There are two strings of the labor economics field that further explain wage determination, and in each of them there were found gender differences. First, job-matching theory predicts that job changes result in wage increases. Employed workers spend time searching for a better match if the chances of finding a better match are larger than the cost of on-the-job search. Empirical evidence supports this theory and found that for the US two thirds of the long-run wage (or the wage at the end of the work career) occurred during the first 10 years employed and that a third of the wage increase it is explained by job-to-job transitions (Topel and Ward 1992) . Similarly, it has been found for the US that women are less likely to switch jobs, i.e.
experience job-to-job transitions, and that this explains about 8 percent of gender wage gap in the US (Royalty 1998 , Posadas 2009 ). The other main theory comes from personnel economics. Employers might provide less training and fewer promotions to women, in particular during the early years of their careers, if they are expected to quit the firm because of maternity interruptions (Lazear and Rosen 1990) . Empirical evidence also supports this stream of research (Bertrand 2011) .
To test these hypotheses we add a few covariates that might be capturing these effects, at least partially. The RLMS asks the adult respondents whether they have changed occupation, place of work, or both within the last 12 months. It can be thought that changes in place of work are associated to the on-the-job search theory, and they should result in wage increases. This effect is only present for women in the median percentile. For this group, having changed place of work (but not occupations!) increases earnings in almost 13 percent. Interestingly, the effect for men is smaller and not significant. Unfortunately there is no direct question on promotion opportunities; the survey only asks whether there has been a change in occupation within the same place of work. This latter variable, however, could be indicating either a promotion within the same firm or horizontal (even a Overall, the results coming out from the estimates from the RIF regression seem to indicate that the impacts of the covariates are highly non-monotonic for both men and women and that impacts are different for men and women, and these gender differences are statistically significant in some cases. demotion). As with most of the previous covariates the estimates are highly non-monotonic along the wage distribution, and very different for men and women. The RIF coefficient shows up to be positive and significant at the 50 th percentile; while it is decreasing along the wage distribution for women and negative and significant at the top 90 th percentile.
The results are consistent with the situation where women are in jobs with fewer options of career development, either by choice or by lack of opportunities. Women tend to be found in less productive occupations.
Decomposition results
The results of the decomposition are presented in figures 5 to 7 and table 2. The top part of table/figure shows the gender gap in earnings at each percentile (Table A4 in the appendix shows the detailed decomposition results). As expected, the FFL shows a very different story than the one coming out from previous studies.
First, the decomposition results of the gender gap in pay into the composition and wage structure effect vary along the earnings distribution. Most of the existent studies for the Russian Federation find that differences in labor market characteristics of men and women explain about 30 percent of the gender gap in pay. Our results evaluated at the median of the earnings distribution corroborate those findings. However, the importance of characteristics (composition effect) decreases along the earnings distribution. At the 10 th percentile the composition effect explains almost half of the gender gap in pay while at the top of the 90 th percentile the composition effect is negative. Having a negative composition effect and a wage structure effect (and thus a wage structure effect that is larger than the gender gap in pay) indicates that women are overqualified compared to men at the same percentile.
In other words, if women were paid as men, and men would have the same characteristics as women, the gender gap in pay would be 35 percent smaller.
Thus, the fact that the composition effect decreases along the wage distribution indicates that women are more subject to 'discrimination' or to access to job that pay as good to them as to men given their qualifications. The policy recommendation of this finding would be to help women at the bottom of the earnings distribution to increase their labor market skills, since equalizing the characteristics to those of men at the bottom of the earnings distribution would reduce the gender gap in pay in half.
Instead, for women at the top of the distribution policies should be designed to help them to access jobs remunerating their skills as much as men.
Second, the results inside the composition effect also show a very non-monotonic pattern along the wage distribution. The most striking result is that the importance of occupation and industry decreases along the wage distribution. For women at the bottom of the distribution (10 th percentile) the problem is that they are employed in low wages industries, though doing the same occupations as men. If women were employed in the same economic sectors as men their gender wage gap would decrease in half. Instead, for women at the top of the distribution (90 th percentile) the problem is the type of occupation they do and not the economic sector. Lastly, all women, and in particular for those at the bottom, are more educated than men in similar jobs and position in the earnings distribution. Third, inside the wage structure effect, the effects are also highly non-monotonic along the earnings distribution. Returns to education are smaller for women relatively to men, contributing to increase the gender gap in pay at any point of the earnings distribution. If were paid for their schooling decrees as much as men-other things constant-the gender gap would disappear (or even reversed! for women at the top of the earnings distribution). As with the composition effect, occupation and industry have a different role depending on the position in the earnings distribution. At the bottom of the earnings distribution, women are employed in occupations that pay relatively more and industries that pay less, but at the top of the distribution, we see that the returns for being employed in certain industries would increase the gender gap in pay.
Finally, the two terms that capture the error coming from the local linearization are small: 9 percent for the composition effect and 11 percent for the wage structure effect. For example, the importance of the composition effect in the median percentile has been always negative but much larger in absolute magnitude in 2002 than in the two other years. Or the importance of the experience covariate has been always decreasing along the earnings distribution, but the slope of the changes has increased between 1996 and 2011.
In future version of the paper, we plan to conduct a double decomposition to show the changes of the components of the gender wage gap over time. 
